Birth weight and calving difficulty were analyzed with Bayesian methodology using univariate linear models, a bivariate linear model, a threshold model for calving difficulty, and a joint threshold-linear model using a probit approach. Field data included 26,006 records of Gelbvieh cattle. Simulated populations were generated using parameters estimated from the field data. The Gibbs sampler was used to obtain estimates of the marginal posterior mean and standard deviation of the (co)variance components, heritabilities, and correlations. In the univariate analyses, the posterior mean of direct heritability for calving difficulty was . 
Introduction
Dystocia can lead to substantial economic loss Smith et al., 1976) . In American Gelbvieh cattle, calving difficulty ( CD) is recorded in four categories according to the assistance rendered during calving. Calving difficulty is a discrete trait and is not distributed normally. Methods for continuous data are not appropriate for discrete data (Thompson, 1979; Gianola, 1982) . Wright (1934) postulated that a linear variable underlies categorical traits, and thresholds define which category is observed. Univariate Harville and Mee, 1984; Gilmour et al., 1985) and multivariate methods Janss and Foulley, 1993; , with the generalization to Markov Chain Monte Carlo Methods (Albert and Chib, 1993; Moreno, 1993; Sorensen et al., 1995; Moreno et al., 1997; Wang et al., 1997; Van Tassell et al., 1998) , allow the analysis of categorical traits with models that consider their particular structure of probability.
However, the threshold model ( TM) has problems in the estimation of variance components and prediction of breeding values when the number of fixed effects is high Misztal et al., 1989; Moreno et al., 1997; Tempelman, 1998) . Those problems are minimized when the amount of information per fixed effect is large (Altarriba et al., 1998) and herd effects are treated as random . Otherwise, bias correction techniques can be used (Kuk, 1995; Moreno et al., 1997) , but these techniques are computationally intensive.
Because birth weight may be strongly correlated with calving difficulty, our objectives for this study were to estimate variance components for these traits from beef field data using the univariate linear model ( LM) and TM, and bivariate linear-linear model ( LLM) and linear threshold model ( LTM) animal models for birth weight and calving ease, and to evaluate the suitability of posterior marginal mean as a point estimate using data that were simulated using the posterior means of marginal distributions obtained from the analysis of the field data set.
Materials and Methods

Field Data
Birth and calving ease records from 26,006 Gelbvieh calves born to first-parity females from 1981 to 1996 were used. Records were selected from the largest 75 herds in order to ensure greater contemporary group size, although selection could bias the (co)variance component estimates because of possible differences in management that existed between large and small herds. Nongenetic effects were eight sex-age of dam groups (age of dam <675, 675 to 750, 750 to 825, and >825 d ) and random herd-year-season with 1991 levels. The total number of animals including ancestors was 51,368.
Birth weight records were distributed with a mean of 40.5 kg and a standard deviation of 5.5 kg. Of the records 18,489 calvings (71.09%) were distributed as 1 (no difficulty, no assistance), 5,335 (20.51%) had scores of 2 (minor difficulty, some assistance), 1,708 (6.56%) had scores of 3 (major difficulty, usually mechanical assistance), and 474 (1.82%) had scores of 4 (Caesarean section).
Models of Analysis
Univariate Linear Animal Model (Model 1). Birth weight and calving ease were both modeled as continuous traits and assumed to be sampled from the following distribution.
where b are sex-age of dam effects; h are herd-yearseason effects; u d are direct breeding values; u m are maternal breeding values; X, Z 1 , Z 2 , and Z 3 are incidence matrices that link data with respective effects; and is residual variance. s e 2 Prior distribution of sex-age of dam was assumed to be flat between a range of expected values.
Prior distribution for herd-year-season effects was assumed to be multivariate normal where A is numerator relationship matrix and G is genetic covariance matrix.
Prior distribution for the (co)variances for herdyear-season, genetic, and residual variances were set to inverted Wishart and inverted chi-squared distributions
where G 0 were set to a diagonal matrix with each diagonal element set to Ô of the total variance, and and were also set to Ô of the total variance.
Univariate Threshold Animal Model (Model 2). The assumed model for the underlying distribution of the calving difficulty ( I cd ) was the same as previously described
but the response of calving difficulty was modeled with the following distribution:
where t 0 , t 1 , and t 2 are thresholds that define the four categories of response. The values of t 1 and t 2 were fixed to 0 and .79, and the prior distribution of t 3 was assumed to be flat.
Values for the first and second threshold were assigned reflecting the incidences in the data.
Bivariate Linear Animal Model (Model 3).
Birth weight and calving ease were modeled as continuous traits and assumed to be sampled from a multivariate normal distribution. 
where R is a 2 × 2 residual covariance matrix. Prior distribution for the sex-age of dam effects was assumed to be flat. Prior distribution for herd-yearseason effects was assumed to be multivariate normal
where T is a 2 × 2 (co)variance matrix between herdyear-season effects. Similarly, for direct and maternal breeding values
where A is numerator relationship matrix and G is genetic covariance matrix. Prior distribution for the (co)variances for herdyear-season, genetic, and residual variances were set to inverted Wishart distributions
where G 0 , R 0 , and T 0 were set to a diagonal matrix, each of its diagonal elements with one-fourth of the total variance.
Bivariate Linear-Threshold Animal Model (Model 4).
This analysis assumed a bivariate linear model for BW and the liability for calving difficulty
where the response for calving difficulty was modeled as in Model 2.
The Gibbs Sampler
Bayesian analysis of the univariate and bivariate models were carried with the Gibbs sampling algorithm (Geman and Geman, 1984; Gelfand and Smith, 1990; Tanner, 1993) to obtain autocorrelated samples from the joint posterior density and subsequently from the marginal posterior densities of all the unknowns in the model. Specifics on distributions involved can also be found in previous studies (Wang et al., 1993 (Wang et al., , 1994 (Wang et al., , 1997 Sorensen et al., 1995; Van Tassell et al., 1998) . The analysis was carried using our own software.
The posterior conditional distributions for the location parameters (sex-age of dam, herd-yearseason, and direct and maternal breeding values) were univariate normal distributions, and the posterior conditional distribution for the (co)variance components were inverted Wishart distributions. In the threshold and threshold-linear model, the posterior conditional distribution for the threshold t 3 was a uniform distribution (Sorensen et al., 1995) . Thresholds t 1 and t 2 were assumed to be known providing a simpler sampling scheme than the one defined by fixing the residual variance of the categorical trait (Wang et al., 1997) , and the posterior conditional distributions for the augmented underly- ing variables are censored normal distributions as described by Sorensen et al. (1995) . The Gibbs sampler analysis was carried out twice for each of the assumed models. Each analysis consisted of a single chain of 50,000 iterations, with the 1st 5,000 samples discarded. The analysis of convergence and the calculation of effective sample size followed the algorithms by Geyer (1992) and Raftery and Lewis (1992) . All iterations in the analysis were used to compute posterior means and standard deviations so that all the available information from the output of the Gibbs sampler could be considered.
Validation Study
Five populations were simulated using Model 4 with parameters obtained from the Gelbvieh analysis with Model 4. All simulation parameters are presented in Table 6 . Each population consisted of a base generation of 200 sires and 1,000 dams, and two nonoverlapping generations composed of 2,500 animals each. The second generation was created from 200 sires and 1,000 dams randomly selected from the first generation. Two traits were simulated: one continuous and one discrete. The discrete trait was simulated using the probit approach with four categories with incidences similar to the field data. Data were grouped for the continuous trait and the underlying variable of the discrete one into two fixed effects and into 250 effects sampled from a normal distribution. Each population was analyzed with the previously described models using the same strategy used for the real data set.
Results and Discussion
Analysis of Convergence of the Gibbs Sampler
Convergence and effective sample size results for the variance components, heritabilities, and correlations for both chains and Models 1 to 4 are presented in Tables 1 to 5 . The number of iterations discarded (5,000) was greater than every value proposed by the procedure of Raftery and Lewis (1992) using complete chains. The number of iterations to discard ranged from 36 to 3,600 for the univariate analysis of BW, from 40 to 3,072 for the univariate linear analysis of CD, from 60 to 3,300 for the univariate threshold model for CD, from 32 to 3,014 for the bivariate linear analysis, and from 39 to 4,670 for the bivariate linearthreshold analysis.
The effective sample size computed with the procedure of Geyer (1992) models, but differences in convergence rates and effective sample size were not clearly observed. However, the smallest value of sample size and the greatest value of convergence are obtained in the most complex model (Model 4). The magnitude of effective sample size obtained is considerably smaller than those obtained by Sorensen et al. (1995) for a singletrait sire threshold model with a chain of 600,000. Because of the small effective sample size for all variables in the model, a complete description of the posterior marginal distributions of any variable could not be obtained. Posterior means and standard deviations were directly estimated from the mean and standard deviation of the samples. Results obtained from the two chains were consistent. Therefore, we assume that the chains have converged sufficiently well so that the obtained values are reasonable estimates of true marginal posterior means and standard deviations.
Heritabilities and Correlations
The posterior mean of heritability of direct genetic effects for BW was .26 for bivariate models and .25 for univariate model. This heritability is smaller than many estimates obtained previously (Nunez Dominguez et al., 1993; Bennett and Gregory, 1996) , although it is similar to those obtained by Dong et al. (1991) and Grotheer et al. (1997) . For CD, the posterior mean of heritability of direct genetic effects was .21 and .23 for threshold Models 2 and 4 and .18 for both linear models. These values are similar to those obtained by Dong et al. (1991) with a sire-MGS threshold model and smaller than those obtained by Kriese et al. (1994) and Gregory et al. (1995) with the linear model. Both traits were moderately influenced by maternal genetic effects. Maternal heritability for BW was .06 for the linear and bivariate linear models and .05 for the bivariate linear-threshold model. Maternal heritability for CD was .08 for Model 1, .10 for Model 2, .06 for Model 3, and .09 for Model 4. However, the maternal heritability for CD was not close to zero as obtained by R. L. Quaas (1997, personal communication) .
Smaller values in the bivariate linear analysis with respect to the bivariate linear-threshold were expected due to linear consideration of categorical values in Model 3. Reduction of heritability on the linear scale with respect to the underlying scale was described by Dempster and Lerner (1950) and Gianola (1979) for binary and polychotomous traits, respectively.
The genetic correlation between direct genetic effects for both traits was .81 for Model 3 and .79 for Model 4. This genetic correlation is slightly greater than the one obtained by Gregory et al. (1995) and substantially greater than the results obtained by Dong et al. (1991) using a bivariate linear-threshold sire model.
The genetic correlation between direct genetic effects and maternal genetic effects for BW was −.30, −.36, and −.34 for Models 1, 3, and 4, respectively, and for CD the same correlation was −.35, −.36, −.30, and −.33 for Models 1, 2, 3, and 4, respectively. Moreover, genetic correlation between the direct genetic effects of BW and the maternal genetic effects for CD was −.40 for Model 3 and −.39 for Model 4, and the genetic correlation between direct genetic effects on CD and maternal genetic effects of BW was −.33 and −.31 for Models 2 and 3, respectively. Negative estimates of genetic correlations between direct and maternal effects were previously reported by Dong et al. (1991) and Grotheer et al. (1997) . However, genetic correlations between maternal effects for BW and CD were .49 and .45 for Models 3 and 4, respectively.
The herd-year-season effects considered random in this analysis show similar relative magnitudes for BW and CD in both models. Correlations between herd effects for Model 3 were .37 and .38 for Model 4.
Estimates of the residual correlation between BW and CD were .35 and .50 for Models 3 and 4, respectively. This difference between models was due to the increase of percentage of residual variance when categorical traits were treated as linear. These results contrast with those obtained by Dong et al. (1991) , who found a greater residual correlation, but agree with Philipsson (1976) and Meijering (1985) , who found smaller residual than genetic correlation.
Validation Results
Results obtained with the simulated data sets are presented in Table 6 . The average posterior mean estimates obtained using Models 2 and 4 were close to the values used in simulation. These values were always included in the 99% higher posterior density ( HPD) interval for all simulated data sets. These imply the suitability of the posterior mean as a point estimate of heritabilities, correlation, and variance components for the univariate and bivariate linear-threshold model. When there is insufficient information for fixed effects, procedures for variance component estimation in the threshold model are unreliable (Moreno, 1993; Moreno et al., 1997) and result in biased or zero estimates. However, when the number of fixed levels is small, as was the case in this study, these procedures seem to recover the simulated values, as was previously noted by Altarriba et al. (1998) . Additionally, the inclusion of a correlated linear trait seems to improve the stability of the estimates. Further research may be needed to evaluate the consequences of using smaller class sizes for fixed effects, for which, as suggested by Moreno et al. (1997) , bias correction techniques (Kuk, 1995) can be used.
In the case of the bivariate linear model, for the linear trait, the obtained genetic and residual correlations were similar to the simulated correlations. For the categorical trait, the heritabilities (direct and maternal) were smaller because the heritability in the real scale is smaller than that in the underlying scale (Gianola, 1979) . However, it is important to note that the average values of estimates of Models 1 and 3 were similar to the estimated values for the real data set (Tables 1 and 3 ). This validates the concept of the underlying variable for CD in Gelbvieh cattle.
Implications
Variance components for calving difficulty with univariate threshold and bivariate threshold-linear analyses have been successfully estimated for animal models. The animal model results in potentially more precise predictions than the sire model. High genetic correlation between body weight and calving difficulty implies that evaluations of calving difficulty could substantially benefit from information on body weight. Therefore, the animal threshold-linear model seems to be the model of choice for analyzing calving difficulty.
